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Abstract    
 
This paper compiles the risk measures associated with the Lorenz curve. The Lorenz curve is 
the main tool in economics for measuring income distribution and inequality. For the past 
decades some of the Lorenz curve spin-offs have been used in risk analysis and finance. In 
particular, the Lorenz curve addresses the concepts of second degree stochastic dominance, 
Gini’s mean difference, Conditional Value-at-Risk, and the extended Gini in portfolio theory 
and in investment practice. Because the Lorenz curve can be estimated from asset returns, the 
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This paper concerns the extent to which the Lorenz curve is used in financial theory and 
portfolio risk management. The curve was proposed in 1905 by M.O. Lorenz to measure 
income distribution and wealth concentration. It shows the share of total income earned by 
the poorest percentiles  of the population as defined by the relative size of their income. 
Hence, not only the variation of income is derived but also the relative strength or weakness 
of each population segment compared to others. The Lorenz curve was not actually adopted 
until Dalton (1920) utilized it as a prominent tool in welfare economics. 
Using  the  Lorenz  curve  in  portfolio  risk  management  is  rooted  in  its  ability  to 
measure the distribution and variation of asset returns. Indeed, in recent times, economists 
have drawn a parallel between income inequality and uncertainty and the tools that were 
originally developed to measure inequality are now being applied to value financial risk. The 
main purpose of the present paper is to suggest measures of risk that are derived from the 
Lorenz curve as alternatives to the notion of variance. Furthermore, I will use the Lorenz 
curve itself to manage risk and construct efficient portfolios. 
By construction, the variance shows total risk including bad risk, i.e., volatility in the 
range of lower returns, together with good risk, i.e., volatility in the range of high returns. 
Thus,  it  is  quite  paradoxical  that  any  policy  aimed  at  reducing  risk as  expressed  by  the 
variance or any mean-squared error will lead to a reduction in the incidence of obtaining 
higher returns. This idea can viewed as metaphorically equivalent to a medicine intended to 
reduce total cholesterol in the bloodstream but that simultaneously also reduces the good 
cholesterol. Therefore, what is desirable for a risk-averse investor is a coherent risk measure 
that deals mainly with what matters, namely the volatility in the range of lower returns. This 
objective has led to the recent emergence of several downside risk measures and financial 
models that are essentially derived from the Lorenz curve. 
   The basis of my analysis is the absolute Lorenz curve (hereafter referred to as the 
Lorenz) that ranks conditional expected returns with respect to cumulative probabilities. Most 
of  the  finance  results  derived  from  the  Lorenz  curve  have  appeared  in  the  literature  in 
portfolio theory and risk management, mainly in regard to Gini’s mean difference and the 
Gini index. Fisher and Lorie (1970) were the first to apply Gini’s statistics to study the   3 
variability of single stocks and portfolios. Their rationale was three-fold: First, the expected 
absolute differences better summarize the dispersion of portfolios returns. Second, the Gini 
statistics can be derived from the Lorenz curve that ranks portfolios returns in increasing 
order. Third, as returns deviate from normality … “the standard deviation may not give a 
very meaningful indication of the dispersion of the population.”   Only in 1984 did Shalit and 
Yitzhaki  use  the  original  Lorenz  curve  to  characterize  risky  assets,  apply  Gini’s  mean 
difference in finance theory, and derive the mean-Gini CAPM. Many other authors (Bey and 
Howe, 1984, Carroll, Thistle, and Wei, 1992, and Okunev (1988) to name just a very few) 
have use Gini’s mean difference in finance as a robust measure of dispersion to construct 
efficient portfolios mainly because asset returns deviate from normality.   
  In risk analysis, Shorrocks (1992)  used the absolute (or generalized) Lorenz curve to 
derive second degree stochastic dominance conditions which are easier to use and explain 
than the standard SSD conditions with cumulative distributions functions. Also worth noting 
that Lorenz curves have become the standard tool to determine the SSD efficient sets. 
In  a  completely  different  perspective,  Lorenz  curves  happen  to  be  very  useful  in 
expressing safety-first risk quantile measures such as VaR and CVaR that have become very 
popular with the banking industry. Indeed these measures can easily be derived from the 
Lorenz curve without the need of specifying particular distribution functions. This feature is 
particularly  advantageous  when  assets  are  not  normally  distributed.  Otherwise  VaR  and 
CVaR measures are quite more cumbersome to utilize. 
Here, I apply the Lorenz curve mostly by using continuous distributions which are 
easier to understand mathematically. In the practical work, I use with discrete probabilities.  
The plan of the paper is as follows:  The next section presents the standard Lorenz curve. 
Section 2 explains the Lorenz and its use with second stochastic dominance (SSD).  Section 3 
discusses  the  Lorenz  and  Gini’s  mean  difference  (GMD).  In  Section  4  I  show  the  link 
between Value-at-Risk (VaR), Conditional Value-at-Risk (CVaR), and the Lorenz.  In Section 
5, I derive the extended Gini from the Lorenz and in Section 6  I offer a practical investment 
example to show how the Lorenz performs in risk management.   4 
1.  The Standard Lorenz Curve  
 
The standard Lorenz curve evaluates income inequality by measuring the relative income 
received by the population quantiles ranked from the poorest to the richest quantiles. Relative 
cumulative  income  is  obtained  by  dividing  the  quantiles  of  cumulative  income  by  total 
income.  In other words, the Lorenz curve shows the percentage of total income that earners 
of the lowest percentage of incomes have. Let us formulate this mathematically. Assume that 
Y  is  the  income  of  a  population  constituent  with  F(y)  being  its  cumulative  distribution 
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where  yp is obtained by solving: 
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and f  is the density distribution  function of income Y. The mean income µ is obtained 
by
0
( ) tf f dt  
∞
=∫ .  Gastwirth  (1971)  proposed  a  general  definition  of  the  Lorenz  curve  by 
using the inverse of F(y) designated by 
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Figure 1 presents a chart of the standard  Lorenz curve where the cumulative probability 
distribution  ranging  from  (0,0) to  (1,0)  is  shown  on  the horizontal  axis.  The  cumulative 
relative income held by the population percentiles in the economy is shown on the vertical 
axis. The curve starts at the origin (0,0) and ends up at (1,1). It is convex because it first 
accumulates the population percentiles that are poorer than the median and then continues to 
add the richer segments. The figure shows the Lorenz curve for both income distributions A 
and B. The more the curve is convex, such as for income distribution B, the more unequal is 
the income distribution since more relative income is held by the top richest percentiles.  The 
least unequal income distribution is exhibited by the straight diagonal line, also known as the   5 
line of equality (LOE). Welfare preferences can be expressed based on whether the Lorenz 
curves are more or less convex provided the curves do not intersect.  
  It is evident that the Lorenz curve can be expanded from measuring income inequality 
in  welfare  economics  to  evaluating  risk  management  in  financial  economics  since  both 
concepts evaluate distributions. The main adjustment for finance consists of using returns 
instead  of  income  and  wealth.  Standard  Lorenz  curves  were  originally  used  in  portfolio 
analysis by Shalit and Yitzhaki (1984) in order to classify securities by their relative risk.  In 
finance, however, where portfolios and assets are specified by the parameters of risk and 
mean return it is more convenient to use the absolute (not relative) concept of Lorenz curves 
that conveys cumulative expected returns as a function of the cumulative probabilities of 
these returns. This is demonstrated in the following section.  
 
Figure 1: The Standard Lorenz Curve 
0,0 
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2.  The Absolute Lorenz Curve and Stochastic Dominance  
 
The main instrument used here to manage financial risk is the absolute Lorenz curve (the 
Lorenz) which is obtained by multiplying the standard Lorenz curve of Equation (3) by µ.  
The purpose of this section is to show how stochastic dominance rules can be derived by 
using the Lorenz. 
Consider a risky asset whose returns x are distributed by the cumulative probability 




( ) ( ) for 0 1
p
L p F t dt p
− = ≤ ≤ ∫   (4) 
As  exhibited  in  Figure  2,  the  Lorenz  starts  at  (0,0)  and  accumulates  the  sorted  returns 
multiplied by their probabilities. Since the worst lowest returns can be losses, the Lorenz can 
result in negative values. The curve ends up at the mean return µx.  
Figure 2: The Absolute Lorenz Curve 
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By using the definition of the Lorenz curve from Equation (1), we can see that the 
Lorenz captures the  conditional  expected  returns  ( ) p x   along  all  the  sorted  returns  since 
( ) ( ) ( ) ( )
p x
p p L p xf x dx x F x  
−∞
= = ∫ where ( ) ( )
p x
p x xg x dx  
−∞







=   is  the 
conditional distribution of returns up to xp . Hence, when all returns are accounted for, i.e., 
p x = ∞ , the Lorenz at p= 1  supplies the unconditional mean return of asset  X   . Below we 
show that the Lorenz can be used to rank and evaluate risky assets according to stochastic 
dominance in a much more efficient manner than by cumulative probability distributions. 
  Stochastic dominance rules were developed by Hanoch and Levy (1969), Hadar and 
Russell  (1969),  and  Rothschild  and  Stiglitz  (1970).  With  stochastic  dominance  rules, 
portfolio efficiency under expected utility maximization can be achieved without resorting to 
specific utility functions. We start with the first-degree stochastic dominance model (FSD) 
which  is  suitable  for  investors  with  monotone  increasing  utilities  and  is  defined  by 
comparing the assets’ cumulative distribution functions. To explain the rules, consider two 
assets A and B with respective cumulative distribution functions FA and FB. FSD rules state 
that A is preferred to B if and only if the cumulative distribution function FA lies beneath FB  
as follows: 
  ( ) ( ) for all  FSD A B A B F x F x x ⇔ ≤ ≻
ɶ
  (5) 
The most used stochastic dominance model is for risk-averse investors. The appropriate 
paradigm  for  portfolio  choice  is  then  second-degree  stochastic  dominance  (SSD)  that 
provides the necessary and sufficient conditions under which a risky asset is preferred to 
another asset by all risk-averse expected utility maximizers. SSD conditions are obtained by 
comparing the areas under the cumulative distribution functions as follows:  
  ( ) ( ) for all  .
Z Z
SSD A B A B F x dx F x dx Z
−∞ −∞
⇔ ≤ ∫ ∫ ≻
ɶ
  (6) 
Calculating the areas under the cumulative distribution functions is not an easy task. To 
address this problem Shorrocks (1983)  uses the Lorenz to express the conditions for second-
degree stochastic dominance (SSD) as follows: For all risk-averse investors to prefer one 
risky asset over another, its Lorenz must lie above the Lorenz of the alternative asset, or in 
other words, asset A will dominate asset B if and only if: 
   8 
  ( )     ( )    for all  probablities 0 1. A B L p L p   p ≥ ≤ ≤   (7) 
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The rationale for using the Lorenz in SSD is rooted in the manner by which the Lorenz 
characterizes risk and return of investments for risk-averse investors. These investors have 
concave utility functions that express declining marginal utility. The horizontal axis in Figure 
2 shows the probabilities ranked from those generating the lowest returns and yielding the 
highest  marginal utility  to those  generating  the  highest  returns  with  the  lowest marginal 
utility.  Thus, the horizontal axis ranks the probabilities with respect to declining marginal 
utility.  Since utility is defined over wealth, ranking probabilities with respect to returns 
yields the same result as ranking probabilities according to declining marginal utility for each 
individual.  All investors approve of this ranking because it is based on asset returns which 
comprise their only wealth. While investors holding the same assets may not have the same 
marginal utility from asset returns, they all agree upon the ranking of the marginal utility of 
these returns. Hence, the ranking with respect to returns is the only information needed to 
sort assets according to marginal utility. This ordering is specified by the cumulative returns 
that are multiplied by the probabilities and thus form the Lorenz. The curve expresses asset 
behavior not as function of time but as the incidence of having lower and higher returns and 
as such provides much more information about risk and return.  
The objective is to isolate the pure risk from the return by decomposing the asset into 
two components: one that holds only the risk and the other only the risk-free return. To do so, 
consider a virtual asset that has the same mean return as the asset but has no risk whatsoever 
since for each probability it always yields the same expected return  x. In Figure 2, we draw 
the Lorenz of this safe asset, which is labeled the line of safe asset (LSA), as a straight line 
from the origin  (0, 0)  to the mean ( x, 1). Indeed, the straight line expresses the expected 
return  x multiplied by the probability p. 
Now, we can enunciate the risk of an asset as the difference between the LSA that yields 
the same expected return and its Lorenz. Indeed, for every probability p, if we invest in the 
risky asset, we get the cumulative expected return provided by the Lorenz while investing in 
the riskless asset yields a higher cumulative expected return along the LSA.  The risk of the   9 
asset is quantified by the vertical differences between the LSA and the Lorenz. Therefore, the 
farther the LSA is from the Lorenz, the greater is the risk assumed by the asset. One possible 
measure of risk is the Gini’s mean difference (GMD) of the asset which is obtained by simply 
calculating the area between the LSA and the Lorenz as we show in the next section. 
 
3.  The Lorenz and Gini’s Mean Difference 
 
The main index to measure income inequality is the Gini coefficient which is found in Figure 
1 as the area between the standard Lorenz curve and the LOE. The Gini coefficient is used to 
compare  income  distributions  especially  when  intersecting relative  Lorenz  curves  cannot 
evaluate inequality. The Gini coefficient is obtained as the GMD divided by the mean.  In his 
1912 paper, Gini defined the mean difference as 
  1 2 1 2 1 2 | | | | ( ) ( ), GMD E x x x x dF x dF x = − = − ∫∫   (9) 
where x1 and x2 are  i.i.d. replicates of the random variable  x. Equation (9) shows  that the 
GMD is an attractive measure of risk because it is dependent on the spread of the returns 
among themselves and not on the deviations from the mean. GMD has many representations 
and formulations, most of which can be found in Yitzhaki (1998). In finance and portfolio 
management it is more convenient to use the following definition for one half of GMD which 
we label Γ (the Gini): 
    /2 2cov[ , ( )] GMD x F x ≡ Γ =   (10) 
The Gini Γ can be obtained from Figure 2 by calculating the area between the LSA and the 





[ ( )] cov[ , ( )]
2
p L p dp x F x  ⋅ − = = Γ ∫ ,  (11) 
where p  ⋅  is the equation of the LSA and L(p) is the Lorenz of the portfolio. As we have 
seen in the previous section, the difference between the LSA and the Lorenz is the pure risk of 
the asset, which is the Gini.    10 
Using the Lorenz for SSD defines only a partial ordering of investment opportunities. 
Indeed when Lorenz curves intersect no clear dominance can be ascertained. Sometimes, a 
complete ordering is demanded although the results provide only necessary conditions. This 
is the case when only two statistics, the mean and the Gini  which  are derived from the 
Lorenz, are used to establish the necessary conditions for SSD. To explain this argument, 
consider non-intersected Lorenz curves and their relation to SSD. If we choose a linear utility 
function to determine the optimal portfolio, a necessary condition for the risky portfolio to be 
preferred by all expected utility maximizers is that it is preferred by the risk-neutral investor, 
whose marginal utility is a constant. As such, only the last point on the Lorenz, which is the 
asset mean, is the relevant measure for choice among assets. This explains the first necessary 
condition for SSD that uses only the means to compare between assets. 
The  other  necessary  condition  for  SSD  is  that  the  area  below  the  Lorenz  of  the 
dominating asset be greater than the area below the Lorenz of the dominated asset. This area 
is one-half the mean return subtracted by   1
2 cov[ , ( )] x F x Γ = . These requirements explain the 
rationale behind the mean-Gini (MG) necessary conditions for SSD (Yitzhaki, 1982), which 
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   (12) 
These conditions state that if portfolio A is SSD preferred to portfolio B, then the mean and 
the risk-adjusted mean return of A cannot be less than the mean and the risk-adjusted mean 
return  of  B  when  risk  is  measured  by  the  Gini  of  the  portfolio.1   
 
                                                 
1  Yitzhaki  (1982)  also  show  that  the  mean-Gini  conditions  for  SSD  are  sufficient 
whenever cumulative probability distributions functions intersect at most once.    11 
4.  The Lorenz and Conditional Value-at-Risk  
 
The  past  decade  has  witnessed  the  emergence  of  Value-at-Risk  (VaR)  as  a  popular  risk 
measure especially used with the banking system. The measure quantifies exposure to risk as 
the amount needed to keep as a safe asset in order to overcome the incidence of default. VaR 
is a safety-first risk measure defined as the negative quantile of probability p as follows: 
 
1 ( ) ( ) VaR p F p
− = −   (13)  
VaR(p) is only a single element of the Lorenz that is obtained directly from the cumulative 
distribution function. Hence, it is surprising that VaR has become so prevalent as it lacks the 
basic properties of a valid risk measure. Indeed, following Artzner et al. (1999) in order for a 
measure of risk ρ(X) to be coherent it needs to satisfy the following axioms: 
i.  Translation invariance, ( ) ( ) F F X R X R ρ ρ + = −  , where RF is a safe return 
ii.  Subadditivity,  ( ) ( ) ( ) A B A B ρ ρ ρ + ≤ +  
iii.  Positively homogeneity,  ( ) ( ) X X ρ λ λρ =  
iv.  Monotonicity  ( ) ( ) X Y Y X ρ ρ ≤ ⇒ ≤  
Thus, VaR lacks coherence because it fails to satisfy the subadditivity axiom that would 
prevent  risk  reduction  in  portfolio  diversification.    However,  since  stochastic  dominance 
rules have been established in terms of inverse cumulative probability distribution, there is 
some merit in using VaR in risk analysis. Indeed, as shown by Ogryczak and Ruszczynski 
(2002)  and  Muliere  and  Scarsini  (1989),  FSD  can  be  extended  in  continuous  terms  and 
expressed as inverse stochastic dominance as follows: 
 
1 1 ( ) ( ) for all 0 1 FSD A B A B F p F p p
− − ⇔ ≥ ≤ ≤ ≻
ɶ
  (14) 
or in terms of VaR as: 
  ( ) ( ) for all 0 1 FSD A B A B VaR p VaR p p ⇔ ≤ ≤ ≤ ≻
ɶ
  (15) 
  To overcome VaR ‘s lack of coherence a new risk measure named Conditional–Value-
at-Risk (CVaR) or Expected Shortfall (ES) was proposed (Rockafellar and Uryasev 2000, 
Acerbi  and  Tasche,  2001,  Mansini,  Ogryczak  and  Speranza,  2005).  The  basic  idea  is  to 
calculate CVaR(p) as the mean value of all the quantiles below the original VaR in the lower 
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Figure 2 shows that the CVaR(α) for probability α is the slope of the straight line that runs 
from (0,0) to (α, L(α)). This slope can also be measured on the vertical line at p=1 by the 
segment  from  the  horizontal  axis  up  to  the  point  labeled  CVaR(α).  This  result  greatly 
improves the computability of CVaR for a given asset that is cumbersome or confined to 
specific probability distributions. Under these circumstances, the estimated CVaR becomes a 
specific value of the Lorenz that, for a given data set, is estimated by ranking and summing 
up the observations.  
 
5.  Extending the Gini  
 
As explained in Section 2, the Gini Γ can be obtained by calculating the area between the 
LSA and the Lorenz.  This difference is the pure risk of the asset, when the area between the 
LSA and the Lorenz is computed geometrically.  If we were to calculate the area between the 
two lines differently, such as by weighing the vertical difference between the LSA and the 
Lorenz, we could obtain other measures of risk, such as the extended Gini that was developed 
by Yitzhaki (1983).  The extended Gini is intended to incorporate different value judgments 
into the dispersion index. With the help of one additional parameter ν (ν>1) , which can be 
termed a coefficient of risk aversion, we can characterize a wide range of investors from a 
risk- neutral individual to the most extreme risk- averter. The extended Gini is formulated as: 
  ( ) [1 ( )] , F x dx
ν ν  
∞
−∞ Γ = − − ∫   (18) 
where ν=1 characterizes a risk-neutral individual, ν=2  provides the standard Gini, and  ν=∞ 
characterizes a max-min investor who is extremely risk averse and views risk through the 
worst return possible.  
The extended Gini is calculated as a risk measure that attributes different weights to 
various portions of the distribution of returns according to the intensity of the risk aversion. 
For more risk-averse investors, the relative weights allocated to the lower end of the return 
distribution are increased on account of the weights attributed to the higher end of the returns 
that are reduced. The extended Gini is computed by calculating the area between the LSA and 
the Lorenz by stretching the lower end areas and reducing the higher end ones. If one defines   13 
the  weights  associated  with  each  portion  of  the  area  between  LSA  and  the  Lorenz  by 
2 ( ) ( 1)(1 ) w p
ν ν ν ν




( ) ( )[ ( )] x w p L p dp ν ν   Γ = − ∫   (19) 
where L(p) is the Lorenz defined by Equation (4).  Equation (19) is achieved by integrating 
Equation (18) by parts as proved by Yitzhaki (1983). In finance and risk management, the 
following  covariance  formula  for  the  extended  Gini  is  more  suitable  to  use  than 
Equation(19): 
 
1 ( ) cov{ ,[1 ( )] } x F x
ν ν ν
− Γ = − −   (20) 
For a derivation, see Shalit and Yitzhaki (2010). 
If the risk coefficient ν is an integer, the extended Gini can be shown to be expressed as: 
 
  1 2 ( ) min( , ,.., ,.., ) X i E X X X Xν ν   Γ = −   (21) 
This a powerful result because it expresses the extended Gini as the difference between the 
asset mean and the expected minimum of ν repeated draws of the asset distribution.2 
                                                 
2  To understand investor risk behavior with the extended Gini, the reader is referred to the 
swimmer/ shark metaphor from Shalit and Yitzhaki (2009, p. 761): “…. As an example, 
imagine a shark is roaming the coastal waters. A risk-neutral swimmer will calculate the 
swimming  benefits  by  using  the  objective  probability  of  being  struck  by a  shark.  If the 
swimmer uses ν=2, she will attach as the probability of being struck twice her entrance into 
the water, although she will jump only once. If the swimmer uses νØ¶, although she intends 
to enter the water only once, her behavior is as if she will be entering an infinite number of 
times. That is, if there is a tiny objective probability of having a shark roaming the waters, 
the behavior of the νØ¶ swimmer is as if the shark will strike with a probability of one….”   14 
6.  A Practical Use of the Lorenz 
 
The Lorenz is easy to calculate as it involves ranking portfolio returns in ascending order and 
then, for each given return, summing all the returns being multiplied by their occurrence 
probabilities up to that return. Consider a portfolio whose discrete returns are distributed as 
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where 
S
i X are the returns sorted in ascending order and Pk are the cumulative probabilities up 
to the return 
S
k X . 
To illustrate how the Lorenz can be relevant, I use the monthly returns of two stocks: 
Bank of America (BAC) and General Electric (GE) for one year ending October 1, 2009 ( see 
Table 1). Assume that portfolio A is composed entirely of BAC stocks and that portfolio is 
composed entirely of GE stocks. The monthly adjusted returns are shown in column 2 for 
BAC and in column 5 for GE. The Lorenz is calculated in Table 1 as follows:  First, I rank 
the returns in ascending order as done in column 3 for BAC and in column 6 for GE. Then 
for each stock, the Lorenz is obtained by adding up the sorted returns from the lowest return 
to the current one where the returns are multiplied by their respective probabilities. We can 
see that for the return 
S
k X , the Lorenz is the conditional mean given 
S
k X  multiplied by Pk or 
1




k j j i k
j
E X X P P P P
=
= = ∑ .  These Lorenz curves are drawn in Figure 3. The Lorenz 
starts at (0, 0) and ends at ( X   , 1), where  ( ) X n E X   ≡  is the expected return on the portfolio. 
The Lorenz of portfolio A starts at (0,0) and follows the figures in the fourth column of Table 
1  up  to  the  point  (1,   A=  3.70%).  These  are  the  cumulative  returns  multiplied  by  the 
probabilities. The curve expresses the portfolio behavior not as a function of time but as the 
incidence of having lower and higher returns and therefore provides much more information 
about risk and return. In our example, the Lorenz curves intersect. Hence, the conditions are 
necessary but not sufficient to guarantee dominance. From Table 1, we can see the mean of 
portfolio A (BAC) as 3.70 and the mean of portfolio B (GE) as 0.71%. The Gini of BAC is   15 
calculated as 20.1732 % and the Gini of GE as 10.3014%. Hence, the relative dominance 
between  the  two  portfolios  cannot  be  assessed,  nor  can  the  Lorenz  or  the  mean-Gini 




The basic instrument used in the paper for managing risk is the Lorenz which enables the 
analyst to measure the risk and return of risky assets and portfolios. Not only does Lorenz 
dominance  comply  with  second-degree  stochastic  dominance,  it  also  facilitates  the 
calculation of the mean-Gini necessary conditions for SSD when Lorenz curves intersect. 
  Furthermore, the Lorenz is the collection of all the Conditional-Value-at-Risk for all 
the probabilities. In terms of computational ease, the  Lorenz has many  advantages when 
assessing  SSD  and  calculating  CVaR.  On  the  other  hand,  calculating  the  Gini  and  the 
extended Gini with the Lorenz requires computing the areas between the curve and the LSA. 
This is less advantageous because the covariance formulas for the Gini statistics are easier to 
compute.   16 
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Table 1. Constructing the Lorenz Curves for Two Portfolios  
 
Date  BAC  Sorted  Lorenz BAC  GE  Sorted  Lorenz  CDF 
F 
        0.00%         
03/11/2008  -32.77%  -53.28%  -4.44%  -12.00%  -27.80%  -2.32%  0.08   
01/12/2008  -11.38%  -40.00%  -7.77%  -3.84%  -25.13%  -4.41%  0.17   
02/01/2009  -53.28%  -32.77%  -10.50%  -25.13%  -12.34%  -5.44%  0.25   
02/02/2009  -40.00%  -11.38%  -11.45%  -27.80%  -12.00%  -6.44%  0.33   
02/03/2009  73.28%  -3.75%  -11.76%  18.83%  -3.84%  -6.76%  0.42   
01/04/2009  30.98%  6.97%  -11.18%  25.08%  2.25%  -6.57%  0.50   
01/05/2009  26.12%  12.05%  -10.18%  6.58%  3.75%  -6.26%  0.58   
01/06/2009  17.24%  17.24%  -8.74%  -12.34%  6.58%  -5.71%  0.67   
01/07/2009  12.05%  18.94%  -7.16%  14.33%  14.33%  -4.52%  0.75   
03/08/2009  18.94%  26.12%  -4.99%  3.75%  18.81%  -2.95%  0.83   
01/09/2009  -3.75%  30.98%  -2.40%  18.81%  18.83%  -1.38%  0.92   
01/10/2009  6.97%  73.28%  3.70%  2.25%  25.08%  0.71%  1.00   
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